ABSTRACT To enhance the accuracy of liver segmentation, we present an improved confidence connected liver segmentation method, which combines the liver segmentation results obtained from three views is proposed. First, to reduce noise, an improved curvature anisotropic diffusion filter is applied, which simultaneously stores edge information. Second, seed points located in the liver are selected automatically using statistics and analysis of the liver intensity. We extract the liver contours from three views of computed tomography (CT) images using the confidence connected method and improve the contours by the cavity filling method. Finally, we combine the liver contours extracted from the coronal, sagittal, and cross section. In our experiments, clinical validation is performed using ten abdominal CT datasets. The results show that our proposed method can extract liver contours quickly and accurately, achieving an overall true positive rate (TPR) of 0.97. In addition, this method is useful for clinical diagnosis of liver disorders and virtual surgical planning.
I. INTRODUCTION
Liver disease diagnose is essential in medicine. Although genetic biomarkers were proposed in [1] - [3] , diagnose from CT image is still common and popular. Liver segmentation is an important research subject in medical image segmentation. In particular, automatic liver segmentation algorithms have attracted the attention of many researchers. Although researchers have proposed increasing numbers of liver segmentation algorithms, the requirements of clinical efficiency and accuracy cannot be satisfied. On the one hand, each automatic segmentation method has its own limitations. On the other hand, the complexity of liver structures, individual differences, and the grayscale similarity of neighboring tissues mean that automatic liver segmentation algorithms are challenging to develop.
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As a fundamental and critical problem in liver digitization techniques, the accuracy of the results of liver segmentation has a direct impact on the accuracy of three-dimensional models. In addition, it impacts liver volume measurements [4] , [5] , liver diagnoses [6] , [7] , microwound detection and treatment [8] and removal proposal development in operations [9] . Existing medical image segmentation algorithms include the region-growing algorithm [10] , the active contour model [11] , [12] , graph-cut and level set segmentation [13] - [16] . However, for use specifically in liver segmentation, we must improve or combine these algorithms in order to achieve increased accuracy in segmentation. Li et al. [17] , [18] proposed an improved level set method to reduce the computational cost of level set evolution. However, for regular 512×512-pixel CT images, the segmentation efficiency still does not meet clinical requirements [19] . In addition, an initialized zero level set is required. Chen et al. [20] proposed a liver segmentation method that combines the graph-cut method and activity-oriented contour model. This method displays improved segmentation accuracy and increased time efficiency through building models, target identification and contour sketches. However, manual marking points are required. Suzuki et al. [4] combined the geometric active contour model with the level set algorithm. This method can produce a liver segmentation result with high efficiency based on user interactions that permit seed point selection and the fast marching method, which performs the initial contour acquisition. Lee et al. [21] combined the region growing method and level set method. The method applies the two-step seeded region growing method in the level set method and revolutionizes the selection of initial contours. This method can fully utilize the topological changing abilities of the level set method and extracts the complex contours of livers. However, it is slow. Above all, these algorithms have their positive and negative traits, but the requirements of manual inputs and inaccurate segmentations are found among them all.
This article proposes a liver segmentation method based on analyzing the liver structure and imaging properties in three views of CT images. In addition, the method makes full use of the complementary information provided by liver grayscale properties and structural properties. The method combines the segmentation results derived from three views using the confidence connected segmentation method without any user intervention throughout the whole process. It reduces the frequency of incorrect classifications caused by the similarity of the liver and its neighboring organs and further improves the accuracy of automatic liver segmentation.
II. MATERIALS AND METHODS

A. DATA ACQUISITION
To test the accuracy and speed of the liver segmentation method described in this article, here we employ CT machines built by different manufacturers (GE Medical Systems, Siemens, Toshiba) to obtain 10 clinical datasets for use as test data. In each set of CT image sequences, the number of slices ranges from 122 to 320, the layer thickness is between 0.6 and 2.0 mm, and the size of each CT image corresponds to a 512 × 512-pixel matrix, which is shown in Table 1 .
B. THE THREE-VIEW CONCEPT OF LIVER CT IMAGES
Most clinical liver CT images are cross sectional. To observe pathological changes from multiple angles, and especially to obtain CT imaging sequences for relatively high layer thicknesses, we need to restructure existing cross-sectional data to gain liver coronal, sagittal and other oblique sections. In this paper, we introduce the concept of three views of liver CT images, which makes the best use of the structural properties of the liver to extract its contours.
After a three-dimensional data field is derived from liver CT image sequences, the volume data are isomorphic in all senses; i.e., they have the same grayscale value in every direction in three-dimensional space. Given this property, we can utilize the space function given in (1) to extract every section of the volume data.
Thus, we can obtain the distribution image of liver voxels in every section. If we specify the section function as Ax + D = 0, we obtain the coronal section, as shown in Figure1(a). If we specify the section function as By + D = 0, then we obtain the sagittal section, as shown in Figure1(b). If we specify the section function as Cz + D = 0, then we obtain the cross section, i.e., the original computed tomography image, as shown in Figure1(c).
C. THE CONFIDENCE CONNECTED LIVER SEGMENTATION METHOD
This article uses the confidence connected method to realize automatic liver segmentation. First, an improved curvature anisotropic diffusion filter is applied to reduce noise and store edge information at the same time. The improved curvature anisotropic diffusion equation is:
where f = f (x, y, t) is the image of diffusion filter at timet, f (x, y, 0) = I (x, y) is the input image, ∇ is the gradient operator, c (|∇f |) = e − |∇f | 2 /2k 2 is the monotonic decreasing conductance function, the conductance coefficient k controls the sensitivity of edge contrast processing, the improved curvature conductance coefficient k = ∇ (∇f |∇f |). The results are shown in Figure2(a). Second, we acquire the characteristic liver grayscale value h by means of statistics and analysis of the liver intensity in the sequences of CT images, i.e.
where x is the grayscale from 0 to 255, i is the number of CT images from 1 to n, h i (x) is the pixel number of the i th CT image, H (x) is the total number of the CT sequences of grayscale x, h is the grayscale with maximum number of the CT sequence, which is shown in If not, we abandon this point and take the seed point of the neighboring layer CT image as a seed point.
We then employ the confidence connected method to perform liver segmentation. The confidence connected method is a region growing algorithm that based on current region grayscale statistics. Through calculating the mean m and standard deviation σ of grayscale of all of the pixel points in a small neighborhood around a seed point, we can define a range of similar grayscale values by multiplying a given coefficient l by the standard deviation σ :
where X is a pixel point in image I , l is the coefficient which adjusts the intensity. In addition, we can judge whether the grayscale values of nearby pixel points fall in the range of these similar grayscale values. If yes, we can classify the point as belonging to the current region. Also, we calculate the average and standard deviation of the pixel points included in the current region again, define a new similar range of grayscale values, and judge again whether the grayscale values of the nearby pixels fall in the range of this new range of similar grayscale values. If yes, we include the point in the current region. This process is repeated until no new pixel points are included in the current region or it reaches the given number of iterations. The results are shown in Figure2(c). Finally, we use the cavity filling method to fully fill the holes produced by the confidence connected method segmentation. This step improves the segmentation result and smoother liver contour obtained, as shown in Figure2(d).
D. AN IMPROVED CONFIDENCE CONNECTED LIVER SEGMENTATION METHOD BASED ON THREE VIEWS
Since the structure of the liver is complex, traditional segmentation methods based on single liver cross sections easily mistake the tissues of organs adjacent to the liver that have similar grayscale values as liver tissue. Based on the mapping principle of using three views of liver CT images, we introduce three views into liver segmentation. This method promotes obtaining the best liver contour from every view. Besides, it can effectively avoid the mistaken segmentation phenomenon seen when connecting tissues using a single view. Since the calculation of oblique sections is complex, its time efficiency limits its clinical application. Therefore, the liver segmentation method introduced here is based only on coronal, sagittal and cross sections.
Assume that I xy represents the segmentation results obtained for a liver CT image based on a cross section, i.e., a three-dimensional liver contour; I yz represents the liver segmentation results based on a coronal section; I xz represents the liver segmentation results based on a sagittal section. The liver segmentation result I xyz based on these three views is then
The multi-view liver segmentation method tends to reduce the disruption from neighboring tissues seen in single views. In addition, it enhances the accuracy rate of automatic liver segmentation. At the same time, in order to lower the rate of misclassification, we introduce a voting mechanism to choose the intersection of the segmentation results obtained from the three views as follows. If voxel point X belongs to two of the segmentation results obtained from the three views, then we regard this voxel point as belonging to the liver, i.e., I xyz (X) = {X|X ∈ I xy ∩I yz ||X ∈ I xy ∩I xz ||X ∈ I xz ∩I yz }.
The framework of our proposed confidence connected liver segmentation method based on three views is illustrated in Figure 4 .
E. VALIDATION METHODS
To evaluate the liver segmentation method described in this article, we adopt the TPR, false negative rate (FNR), and false positive rate (FPR) to analyze the positive and negative qualities of its segmentation results. Assuming that G is the exact liver contour drawn by an expert, and M is the segmentation results obtained using the liver segmentation algorithm, then we calculate the TPR, FNR, and FPR by the following formulas:
which is shown in Figure5 as follows.
III. RESULTS AND DISCUSSION
The experimental software environment is MATLAB R2016b with VTK (The Visualization Toolkit) package. The liver segmentation results obtained for the coronal, sagittal and cross sections are shown in Figure6. In Figure4, the first row shows the results of liver segmentation obtained for the coronal section, the second row shows the results of liver segmentation obtained for the sagittal section, and the third row shows the results of liver segmentation obtained for the common cross section. We can see from the segmentation results that this method efficiently solves the problem of misidentification of edges in the segmentation of the liver from the connecting parts of the ribs and kidneys.
In our study, the corresponding region G given by the ground truth that extracted manually by the experts. The TPR, FNR and FPR results obtained for the 10 sets of clinical CT data sets based on the three-view method presented in this article are shown in Table 2 . Compared to the results of carrying out liver segmentation using only the cross section, the TPR increases by 3.22%, but the FNR increases too. Fortunately, the FPR decreases.
IV. CONCLUSIONS
In response to the problems of mistaken and leaking segmentation in liver segmentation, we introduce the threeview concept into the field of liver segmentation. Based on reconstructions performed using three views of CT images, we propose an improved confidence connected liver segmentation method that combines the results obtained for three views. This method takes full advantage of the intensity and shape of the liver. The method displays both the accuracy of the confidence connected method and the time efficiency of fully automatic processing. There is no need to choose seed points or draw initial contours manually. This procedure is easy to operate for medical personnel. In addition, the frequency of misclassifications caused by the grayscale similarity of liver and the adjacent organs is reduced. The accuracy of automatic liver segmentation is improved. In the future, we will consider employing more latest machine learning [22] - [28] and parallel computation [29] 
